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(57) ABSTRACT

A two-class analysis system for summarizing features and
determining features appropriate to use in training a classifier
related to a data mining operation. Exemplary embodiments
describe how to select features which will be suited to training
a classifier used for a two-class text classification problem.
Bi-Normal Separation methods are defined wherein there 1s a
measure of inverse cumulative distribution function of a stan-
dard probability distribution and representative of a differ-
ence between occurrences of the feature between said each
class. In addition to training a classifier, the system provides
a means of summarizing differences between classes.
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FEATURE SELECTION FOR TWO-CLASS
CLASSIFICATION SYSTEMS

CROSS-REFERENCE TO RELATED
APPLICATIONS

Not applicable.

STATEMENT REGARDING FEDERALLY
SPONSORED RESEARCH OR DEVELOPMEN'T

Not applicable.

REFERENCE TO AN APPENDIX

Not applicable.

BACKGROUND

1. Field of Technology

The mvention relates generally to machine learning and
two-class classification systems.

Glossary

The following definitions are provided merely to help read-
ers generally to understand commonly used terms in machine
learning, statistics, and data mining. The definitions are not
designed to be completely general but instead are aimed at the
most common case. No limitation on the scope of the inven-
tion (see claims section, 1nira) 1s intended, nor should any be
implied.

“Classification” shall mean mapping (e.g., via “feature”
extraction, statistical modeling, model selection, parameter
estimation, non-para-method modeling, or the like) from
unlabeled records (typically represented by “features™ vec-
tors) to discrete classes; “classifiers” have a form or model
(e.g., a decision tree) plus an 1induction learning procedure,
and an mterpretation procedure; some classifiers also provide
scores probability estimates which can be related to a prede-
termined factor, such as a threshold value, to yield a discrete
class decision; Support Vector Machines, Naive Bayes, logis-
tic regression, C4.5 decision trees, and the like, are examples
of known classifiers.

“Data set” shall mean a schema and a set of “records”™
matching the schema (no ordering of “records™ 1s assumed; a
set of values of interest, “category” or “class.”; olten a schema
of discrete “positives” and “negatives,” as 1n medical tests.

“F-measure” shall mean the harmonic mean of “Precision”™
and “Recall, which may be represented by a relationship:
2PR/P+R, where “P” 1s Precision and “R” 1s Recall.

“Feature value” 1s an attribute and 1ts value for a given
record; “feature vector” shall mean a list of feature values
describing a “record;” also sometimes referred to as an
“example,” a “case,” or a “tuple.”

“Induction algorithm™ or “Inducer” shall mean an algo-
rithm that takes as input specific feature vectors labeled with
their class assignments and produces a model that generalizes
beyond the data set; most induction algorithms generate a
“model” that can then be used as classifiers, regressors, pat-
terns for human consumption, and input to subsequent stages
ol “knowledge discovery” and “data mining.”

“Record” shall mean each single object from which a
model will be learned or on which a model will be used;
generally described by “feature vectors;” also sometimes
referred to as an “example,” or “case.”

“Knowledge discovery” shall mean the non-trivial process
of identitying valid, novel, potentially usetul, and ultimately
understandable patterns 1n data.
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“Machine learning™ (a sub-field of artificial intelligence) 1s
the field of scientific study that concentrates on “induction
algorithms™ and other algorithms that can be said to learn;
generally, 1t shall mean the application of “induction algo-
rithms,” which 1s one step 1n the “knowledge discovery”
pProcess.

“Model” shall mean a structure and corresponding inter-
pretation that summarizes or partially summarizes a data set
for description or prediction.

“Precision” 1s the percentage of items classified as positive
that are actually positive.

“Recall” 1s the percentage of actual positives that are clas-
sified as positive (see also, “tpr,” infra).

2. General Background

Machine learning encompasses a vast array of tasks and
goals. Document categorization, news filtering, document
routing, personalization, and the like constitute an area of
endeavor where machine learning can greatly improve com-
puter usage. As one example, when searching the Word Wide
Web (heremafter “Web™), a user may develop a personaliza-
tion profile, a positive class-of-interest for selecting news
articles-of-interest from the millions of news articles avail-
able at any given moment 1n time. Machine learning for text
classification 1s the cornerstone of document categorization,
news filtering, document routing and personalization.

The potential 1s great for machine learning to categorize,
route, filter and search for relevant text information. Good
feature selection may improve classification accuracy or,
equivalently, reduce the amount of traiming data needed to
obtain a desired level of performance, and conserve compu-
tation, storage and network resources needed for training and
all future use of the classifier. For example, to build and
populate a Web portal or news directory, a data mining prac-
titioner would 1dentily a modest number of training examples
for each relevant category, and then an induction algorithm
can learn the pattern and 1dentity additional matches to popu-
late the portal or directory. In such text-based domains, effec-
tive feature selection 1s essential to make the learning task
tractable and more accurate. However, problem sizes con-
tinue to scale up with the explosive growth of the Internet. The
goals are accuracy, F-measure, precision, and recall, each of
which may be appropriate 1n different situations.

In text classification, a data mining practitioner typically
uses a “bag-of-words model:” a sample model 1s shown 1n
FIG. 3 (Prior Art), 1in tabular format which, in practice, may
have many more rows and columns (represented 1n the table
as “ .. .”). Each position in the mput feature vector corre-
sponds to a given word, e.g., the occurrence of the word “free”
may be a useful feature 1n classiiying junk e-mail, also col-
loquially referred to as “spam.” The number of potential
words often exceeds the number of training documents by an
order of magnitude. Feature selection 1s necessary to make
the problem tractable for a classifier. Well-chosen features
can improve substantially the classification accuracy, or
equivalently, reduce the amount of traiming data needed to
obtain a desired level of performance. Eliminating insignifi-
cant features improves scalability, conserving computation,
storage and network resources for the training phase and for
every future use of the classifier. Conversely, poor feature
selection limits performance since no degree of clever induc-
tion can make up for a lack of predictive signal in the input
teatures sent to the classifier. To partially compensate for poor
teature selection heuristics, a larger number of features can be
selected, but this harms scalability and performance.

It has been found that selecting features separately for each
class, versus all together, extends the reach of induction algo-
rithms to greater problem sizes having greater levels of class
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skew. High class skew, where there are, for example many
more negatives than positives, presents a particular challenge
to induction algorithms, which are hard pressed to beat the
high accuracy achieved by simply classifying everything as a
negative majority class. High class skew in the class distribu-
tion makes 1t much more important to supply the induction
algorithm with well-chosen features. In text classification
problems, there 1s typically a substantial skew which worsens
as the problem size scales upwardly. Returning to an earlier
example, 1n selecting news articles that best match one’s
personalization profile, the positive class of interest contains
many fewer articles on the Web than the negative class back-
ground, especially 1f the background class 1s e.g., “all new
articles posted on the Web.” For multi-class problems, the
skew 1increases with the number of classes. It would seem that
the future presents classification tasks with ever increasing
skews.

Prior art methods for feature selection—i.e., deciding
which features are most predictive indicators to use for train-
ing a classifier—are e.g., Information Gain (1G), Odds Ratio,
the Chi-Squared Test, and the like, as would be known to
practitioners skilled in the art. Each uses a specific formulaic
method for selecting features discriminatively for training a
classifier. Each begins by counting the number of feature
occurrences of each word 1n the positive class (“tp”’) and 1n the
negative class (“ip”). For example, in FIG. 3, the feature
“free” occurs 1n two of the three positive training examples;
tp=2, pos=3. These counts are sullicient statistics for comput-
ing the method. Improved feature selection 1s highly 1mpor-
tant for classification tasks to make 1t tractable for machine
learning and to improve classifier performance.

BRIEF SUMMARY

The invention generally provides an evaluation tool and
methodology for a data mining practitioner faced with a given
data set for a two-class classification task who seeks to choose
teatures that are most likely to yield best performance for
training a classifier and to grasp summarily the given data set
and topical context.

The foregoing summary 1s not intended to be inclusive of
all aspects, objects, advantages and features of the present
invention nor should any limitation on the scope of the mnven-
tion be implied therefrom. This Brief Summary 1s provided in
accordance with the mandate of 37 C.F.R. 1.73 and M.P.E.P.
608.01(d) merely to apprise the public, and more especially
those 1nterested 1in the particular art to which the mvention
relates, of the nature of the invention in order to be of assis-
tance 1n aiding ready understanding of the patent in future
searches.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1A 1s a graphical representation of Bi-Normal Sepa-
ration using a Normal probability distribution view.

FIG. 1B is a graphical representation of Bi-Normal Sepa-
ration using a Normal probability distribution 1n a Receiver
Operating Characteristic (“ROC”) threshold analysis view.

FIG. 2A 1s a flow chart exemplifying Bi-Normal Separa-
tion methods according to a first embodiment.

FI1G. 2B 1s a flow chart exemplifying Bi-Normal Separation
methods according to a second embodiment.

FIG. 3 (Prior Art) 1s a table showing a “bag-ofwords™
modeling.

Like reference designations represent like features
throughout the drawings. The drawings 1n this specification
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4

should be understood as not being drawn to scale unless
specifically annotated as such.

DETAILED DESCRIPTION

In accordance with the following exemplary embodiments
of the present invention, guidance to the data mining practi-
tioner 1s provided as to a feature selection method most likely
to obtain the best performance for the single given data set at
hand for two-class classification tasks.

More specifically, an exemplary embodiment for a method
and apparatus 1s described that provides for selecting which
features to use 1n a two-class text classification problem. Note
that “features” need not be text, for there are other domains to
which the present invention may be applied; e.g., medical
symptom-disease correlation. The data mining practitioner in
this particular exemplary embodiment field needs a tool for
deciding which features words—truncated words, predeter-
mined phrases, or the like text elements—are the most pre-
dictive indicators to use for tramning a classifier. As an
example of a particular problem, consider a given machine
learning task of classitying junk e-mail (*spam”), distin-
guishing junk from non-spam e-mail. A selection tool and
method 1s provided that meets the needs of the data miming
practitioner faced with a given data set who seeks to choose
those features most likely to yield the best subsequent clas-
sifier performance. The selection methods and tools provided
in accordance with the exemplary embodiments described
herein shall be referred to as “Bi-Normal Separation” (“BNS™
hereinafter). The focus 1s on obtaining the best overall clas-
sification performance regardless of the number of features
needed to obtain that performance.

In this exemplary embodiment, summary statistics, appro-
priate for representing feature values, are provided as Bool-
ean. For two-class text classification, a Boolean indicator of
whether the word occurred 1n the document 1s suificient. To
continue the spam versus non-spam example, a certain des-
ignated bit or bits of a Boolean representation of a feature
might indicate whether the text body includes the word “free.”
Other possibilities include:

the count of the number of times the word occurred in the
document,

the frequency of its occurrence relative to a threshold,

the frequency of 1ts occurrence normalized by the length of
the document, or

the countnormalized by the inverse document frequency of
the word.

In situations where the document lengths vary widely, 1t may
be important to normalize the counts by the total number of
words 1n the document.

The task 1s to determine the relative value of the available
specific features being considered; e.g., the relative value of
the word “Iree,” the word “money,” etc., in training a classifier
to determine whether a document has a high probability of
being spam e-mail. The goal 1n the example 1s to determine
whether each 1s a suitable feature to use for training a classi-
fier having the ultimate task of discriminating between spam
and non-spam e-mail or whether the specific feature-under-
consideration should be discarded.

The following symbols are used:

“pos’ 1s the number of documents in the positive class (e.g.,
spam);

“neg” 1s the number of documents 1n the negative class
(e.g., non-spam);
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“tp”” and “Ip” represent for a given feature—e.g., each word
ol a document—the occurrence count in the positive and
negative classes, respectively; and

“tpr” and “Ipr” represent the sample true-positive-rate,
P(word appears|+)=tp/pos, and the sample false-posi-
tive-rate, P(word appears|-)=ip/neg, respectively.

Applying these symbols to the exemplary “bag-of-words™
illustrated by FIG. 3,

POS=3

neg=4;

for the feature “Iree,”
tp=2
tp=1
tpr==3
tpr=>Va;

and, for the feature “meeting,”

tp=0

tp=3

tpr="4

tpr=>%4.

The goal 1s to select the best “k” features for use by a text
classifier from a given number of positive, “pos,” training
examples and a given number of negative, “neg,” training
examples. For purpose of 1llustration, consider that there typi-
cally may be given pos=50 example spam e-mail messages
and neg=1000 exemplary non-spam e-mail messages.

The overall feature selection procedure 1s to score each
potential feature according to a particular feature selection
method, whereby the best “k™ features from the universe of
the given data set 1s then used for training a classifier. Scoring
a feature mvolves counting 1ts occurrences in the training
examples data set for positive and negative classes separately,
and then computing a function.

Turning to FIGS. 1A, 1B, 2A and 2B, Bi-Normal Separa-
tion, “BNS.” 1s the term used to describe the embodiment of
the present invention for feature selection for use 1n a two-
class classification, and 1s defined for a first embodiment as.

BNS score=F"(tpr)-F1(fpr) (Equation 1),
where F~! is the standard Normal distribution’s inverse
cumulative probability function. This returns a z-score of the
Normal distribution for which the area to the left under the
Normal probability distribution curve 1s equal to the argu-

ment. This F~' function is a common function in statistical

libraries, e.g., in GNUPLOT™ called “mvnorm(x)” or 1n
EXCEL™ called “NORMINV (x,0,1)” In order to maximize
performance by the classifier, negatively correlated features
may be optionally included by taking the absolute value of the
BNS score. Equivalently, one may substitute, respectively,
tp'=pos—tp, for tp, and Ip'=neg-1p, for 1p 1 Equation (1).
Alternately, if the BNS score 1s negative, 1t can be adjusted b
a predefined negative multiplicative constant “w” to adjust
the value of negative features 1n proportion to positive fea-
tures. For example, 11 “w” 1s —1 this 1s the equivalent to taking

the absolute value, as before. If “w” 1s =2, then the score of

w18
negative features will be boosted by a factor of two, causing
the BNS score to prefer negative features to all but the stron-
gest positive features—this can be useful for building classi-
fiers whose goal 1s maximizing recall. Likewise, 11 w15 —0.5
then negative features will be valued half as much as positive
features—this can be useful for building classifiers whose
focus 1s precision. While some classifiers work primarily with
positive features, 1t may be argued that classifiers built from
positive features only may be more transiferable to new situ-
ations where the background class varies and re-training 1s
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not an option. With large class skew, negative features are
numerous. It has been empirically found that negative fea-
tures are particularly important to text classification. For
example, when scanning a list of Web search results for the
iventor’s home page, a great number of hits on George
Foreman the boxer occur; these could be ruled out by a
classifier having negative features “boxer” and “champion” 1n
the store.

Referring to FIG. 1A, suppose the occurrence of a given
feature, e.g., a particular word 1n each document, 1s modeled
by the event of a random Normal variable exceeding a hypo-
thetical threshold. The prevalence rate “tpr” or “ipr” of the
feature corresponds to the area under the curve 105 to the
right of the threshold. IT the feature 1s more prevalent in the
positive class, “tp % region, then 1ts threshold 1s further from
the tail of the distribution (right most portion of the curve 105)
than that of the negative class. It can be seen thus that the BNS
score 1s a measure of the separation between these two thresh-
olds 103.

FIG. 1B 1s an alternative view related to ROC analysis.
Here the BNS score 1s a measure of horizontal separation 109
between two standard Normal curves 105, 107 where their
relative position 1s uniquely prescribed by “tpr” and “fpr,” the
area under the tail of each curve. Here the BNS score is also
proportional to the area under the ROC curve generated by the
two overlapping Normal curves.

Turning now to FIGS. 2A and 2B, in accordance with an
exemplary implementation of a two-class text classification
problem, for each word feature appearing in the data set, a
count 1s made 201 of the number of times the feature occurs
in the set of positive examples, “tp,” and the number of times
it occurs 1n the negative examples, “Ip.” In the e-mail spam
example, each distinct word of the collective body of training
¢-mail, the given data set, 1s a feature. Note that the common
practice of known manner “stemming” or “lemmatizing”
203—merging various word forms such as plurals and verb
conjugations into one distinct term—may be employed as a
teature option to reduce the number of total features to be
considered. If a feature occurs only 1n one set—that 1s, e.g., 1f
tp=0, a nominal value, e.g., tp="2 (theretore tpr=0.0005 1t
pos=1000), may be used 207 as a substitute value, as 1s often
practiced 1n the art in order to smooth counts for rarely occur-
ring features and to avoid undefined values of F~"().

A BNS score 1s computed 213 for each feature. The score
may be thus computed in accordance with the Equation (1),
optionally including taking the absolute value or weighting
positively and negatively correlated features ditlerently.

Continuing in FIG. 2A alone, the features are sorted 214
according to BNS scores. The “k™ highest scoring (or other
predetermined relationship) features are selected 221 for out-
put 223. Depending on the specific classification problem to
be accomplished, it 1s common for example to set “k”
between 100 and 1000.

In the description above, the number “k™ of features to
select was given 1n advance. In an alternate embodiment, one
may specily a threshold “t,” and all features whose BNS score
exceed this threshold are selected. For example, a likely value
for the threshold may fall 1n the range 0.8<t<2.5, e.g., t=1.2.
However, “t” may take on any real value 1n general. FI1G. 2B
depicts this alternative. Let the “+” and “-” memory symbols
200 represent the positive and negative training examples
database. The steps through 207 are the same as for FIG. 2A.
Steps 208 through 252 form a loop over all features analyzed.
At each iteration, the BNS score 1s computed 213, optionally
including taking the absolute value of the score, or weighting
positively and negatively correlated features differently, to
permit negative features, represented as flow chart branch
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215, 216. In step 217, a check of whether the BNS score
exceeds the threshold “t” 1s made. I so, YES-path, the current
teature 1s added to the output list 223 of “best” features. Steps
225 and 252 complete the logic for iterating over all features.
Note that this alternative embodiment avoids the potentially
slow sorting step 214 of FIG. 2A.

Note also, that for BNS it 1s envisioned that 1n place of a
Normal curve, one could use a Binomial or other distribution.
For example, use of a Binomial curve distribution may pro-
vide certain performance advantages in situations where
there are very few training examples for one class. However,
it requires additional parameters: an estimate of the popula-
tion true positive rate and the population false positive rate,
for which one may use “tp/pos” and “Ip/neg,” the maximum
likelihood estimators.

Other particular implementation options are applicable.
Some other pre-filters may be commonly applied. First, rare
words may be eliminated from the data set before determining,
the potential training set on the grounds that they are unlikely
to be present to aid any given classification. For example, on
a data set with thousands of words, those occurring two or
tewer times (or any threshold appropriate to a specific imple-
mentation) may be eliminated. Second, overly common
words such as “a,” “the,” “of,” and the like, may be eliminated
on the grounds that they occur so frequently as to not be
discriminating for any particular class. Common words may
be 1dentified either by a threshold on the number of docu-
ments the word occurs 1n, e.g., 1f 1t occurs 1n over half of all
documents, or by supplying what 1s commonly called a “stop-
word list.”” Note that stopwords are language-specific and
often domain-specific; depending upon the classification
task, they may run the risk of removing words that are essen-
tial predictors; e.g., the word “can” 1s discriminating between
“aluminum™ and “glass” recycling.

Another purpose to which the present invention 1s adapt-
able 1s 1n selecting a set of words that characterize the positive
or negative class. That is, key differences 1n the data set can be
determined. For example, when given collection of docu-
ments around some undefined topic, the set of words most
correlated with the selected document can be determined with
respect to the background class. This summarizes to the user
what the topic 1s about, 1.e., what differentiates these docu-
ments from others.

In summary, a two-class pre-classification system for
determining features appropriate to use in training a classifier
related to a data miming operation 1s thus described. Exem-
plary embodiments described how to select features which
will be suited to training a classifier used for a two-class text
classification problem. Bi-Normal Separation methods are
defined wherein there 1s a measure ol inverse cumulative
distribution function of a standard Normal function and rep-
resentative of a difference between occurrences of the feature
between said each class.

It will be recognized by those skilled in the art that the
present invention may be adapted for any two-class classifi-
cation system. The foregoing Detailed Description of exem-
plary and preferred embodiments 1s presented for purposes of
illustration and disclosure in accordance with the require-
ments of the law. It 1s not intended to be exhaustive nor to limit
the mvention to the precise form(s) described, but only to
enable others skilled 1n the art to understand how the inven-
tion may be suited for a particular use or implementation. The
possibility of modifications and variations will be apparent to
practitioners skilled in the art. No limitation 1s intended by the
description of exemplary embodiments which may have
included tolerances, feature dimensions, specific operating
conditions, engineering specifications, or the like, and which
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may vary between implementations or with changes to the
state of the art, and no limitation should be implied therefrom.
Applicant has made this disclosure with respect to the current
state of the art, but also contemplates advancements and that
adaptations 1n the future may take into consideration of those
advancements, namely 1n accordance with the then current
state of the art. It 1s intended that the scope of the invention be
defined by the claims as written and equivalents as applicable.
Reference to a claim element in the singular 1s not intended to
mean “one and only one” unless explicitly so stated. More-
over, no element, component, nor method or process step 1n
this disclosure 1s intended to be dedicated to the public
regardless of whether the element, component, or step 1s
explicitly recited 1n the claims. No claim element herein 1s to
be construed under the provisions o1 35 U.S.C. Sec. 112, sixth
paragraph, unless the element 1s expressly recited using the
phrase “means for . . . ” and no method or process step herein
1s to be construed under those provisions unless the step, or
steps, are expressly recited using the phrase “comprising the
step(s)of .. .7

What 1s claimed 1s:

1. A tool comprising computer code stored on a computer
memory for analyzing features 1n a given pair of data sets, the
computer code when executed by a computer causing the
computer 1o:

determine counts of occurrences of each feature 1n the data

sets;
use the counts of occurrences for summarizing differences
between the features 1n the pair of data sets by determin-
ing an individual score for each of said features accord-
ing to an mverse cumulative probability function; and

select at least some of the features for output according to
the scores for the features, the selected features for use in
performing classification of data.
2. The tool as set forth 1n claim 1 wherein each score 1s a
measure computed based on the inverse cumulative distribu-
tion function of a standard probability distribution and 1s
representative of a difference between occurrences of a cor-
responding feature for a first classification relationship and a
second classification relationship.
3. The tool as set forth 1n claim 1 wherein said inverse
cumulative probability function 1s of a Normal distribution.
4. The tool as set forth in claim 2 wherein said first classi-
fication relationship represents a positive class and said sec-
ond classification relationship represents a negative class.
5. The tool as set forth m claim 4 wherein said selected
teatures of the data sets are best suited for traiming a classifier
for a two-class classification task.
6. A computer-implemented method for summarizing
records of a data set divided 1nto a first class and a second
class, the method comprising:
counting occurrences ol each attribute 1n the records occur-
ring 1n said first class and 1n said second class;

determiming a score for each of said attributes according to
the counting, wherein each score 1s according to an
iverse cumulative probability function, the scores rep-
resenting differences among the attributes; and

selecting, according to the scores for said attributes, at least
some of said attributes to output for use 1n classification
of data.

7. The method as set forth 1n claim 6, wherein the first class
comprises a positive class, and wherein the second class
comprises a negative class, the method further comprising:

computing a true positive rate for each corresponding

attribute that 1s based on a count of occurrences of the
corresponding attribute in the positive class; and
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computing a false positive rate for each corresponding
attribute that 1s based on a count of occurrences of the

corresponding attribute in the negative class,
wherein the score 1s determined based on the true positive
rate and the false positive rate. 5
8. The method as set forth 1n claim 6 wherein said 1nverse
cumulative probability function 1s an inverse of a standard
Normal distribution function.

0. The method as set forth 1n claim 8 wherein said scores
are indicative of suitability of using said attributes in a two- 10
class classification task.

10. The method as set forth 1n claim 6, further comprising
using the selected attributes to train a classifier to perform the
classification.

11. A computer comprising a computer-usable medium
containing computer code of a tool that 1s executable 1n the
computer, the tool for determining suitability of at least one
teature for a two-class classification task, the tool comprising:

means for counting occurrences of the feature in the two
classes:

means for scoring said feature such that a score 1s provided
as a measure of inverse cumulative distribution function
of a standard probability distribution and 1s representa-
tive of a difference between occurrences of the feature
between the classes; and

means for outputting the feature for use 1n the two-class
classification task.

12. The computer as set forth 1n claim 11, wherein the tool
turther comprises: 30

means for comparing said score to a threshold and for
selecting features 1n relation to said threshold wherein
suitability 1s determined.

13. The computer as set forth 1n claim 11, wherein the tool
turther comprises: 35

means for selecting a predetermined number of features

having a score indicative of appropriateness for said
two-class classification task.

14. The computer as set forth 1 claim 13 wherein said
selecting is associated with feature selection for training a Y
classifier.

15. The computer as set forth in claim 13 wherein said
selecting 1s associated with characterizing key differences of
said features as related to said two-class classification task.

16. The computer as set forth in claim 11, said means for
SCOring comprising:
means for conditionally adjusting the score by a predeter-
mined multiplicative constant 11 said score 1s negative.
17. The computer as set forth in claim 11, said means for
sCOring comprising:
means for taking an absolute value of said score.

18. The computer as set forth in claim 11 wherein the score
1s bi1-normal separation (BNS source) in accordance with the
equation 55

15

20

25

45

50

BNS score=F"!(function ,)-F!(functiong)

where F~! is a standard Normal distribution’s inverse cumu-
lattve probability function, and function , and function, are
predetermined relevant factors for a given two-class classifi-
cation task.

19. The computer as set forth 1n claim 18 wherein
function ,=tpr (true positive rate) and function,=fpr (false
positive rate).

20. A computer-implemented method of selecting from 65
among features from a data set for performing a classification
task, comprising:

10

for each of said features, determining occurrence counts 1n
positive and negative classes of said data set, respec-
tively;
for each of said features, computing a bi-normal separation
score; and
selecting less than all the features for the classification task
based on the computed scores.
21. The method as set forth 1n claim 20 comprising:
prior to said determining, stemming or lemmatizing said
features.
22. The method as set forth 1n claim 20 comprising:
for each of said features having an occurrence count of
zero, substituting a predetermined nominal count for
smoothing counts for rarely occurring features and to
avold undefined values of said score.
23. The method as set forth 1n claim 20 further comprising:
prior to said selecting, sorting said features by respective
score 1n an ascending or descending order.
24. The method as set forth 1n claim 23 wherein said select-
1Ng COMprises:
selecting features best suited for said task according to said
ascending or descending order.
25. The method as set forth 1n claim 20 further comprising:
comparing each said score to a predetermined threshold,
and when said score 1s 1n a predetermined relationship to
said threshold, wherein the selecting 1s based on the
comparing.
26. The method as set forth 1n claim 20 comprising:
prior to said determining, eliminating features having no
probable relevance to either class 1n said data set.
277. The method as set forth 1n claim 25 further comprising:
prior to said comparing, setting each said score to the
absolute value thereof.
28. The method as set forth 1n claim 25 further comprising:
prior to said comparing, conditionally adjusting the score
by a predetermined multiplicative constant if said score
1s negative.
29. The method as set forth 1 claim 20 wherein each
computed bi-normal separation score 1s computed in accor-
dance with the equation

BNS score=F ! (function ,)-F*(function)

where F~' is the standard Normal distribution’s inverse
cumulative probability function, and function , and function,
are predetermined relevant factors for the positive and nega-
tive classes, respectively.

30. The method as set forth in claim 29 wherein
function ~tp/number of positives, and function,=fp/number
ol negatives, where “tp” and “Ip” represent for a given feature
the occurrence counts in the positive and negative classes,
respectiully.

31. The method as set forth 1n claim 20 wherein said clas-
sification task comprises training a classifier.

32. A computer memory including computer code that
when executed by a computer selects from among features in
a data set for performing a classification task, wherein select-
ing from among the features comprises:

for each of said features, determining occurrence counts in

respective positive and negative classes of said data set,
respectively,

for each of said features, computing a score according to

the occurrence counts 1n the respective positive and
negative classes of said data set, and

selecting less than all the features for the classification task

based on the computed scores.

33. The memory as set forth 1n claim 32 wherein selecting,
from among the features further comprises:
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conditionally adjusting each computed score by a prede-
termined multiplicative constant 1f said computed score
1s negative.

34. A system comprising a computer and a computer
memory containing computer code of a feature selector, the
teature selector executable 1n the computer and comprising:

a counter for determining counts of occurrences of features

in plural classes;

a scorer using said counts of occurrences of the features in
the classes for calculating bi-normal separation values
for respective features; and

a comparator for comparing said bi-normal separation
value for each feature to a threshold such that only
features having a predetermined relationship to said
threshold are selected for training a classifier.

35. The system as set forth 1n claim 34 wherein said scorer
conditionally adjusts the score by a predetermined multipli-
cative constant 1 said score 1s negative.

36. A computer-usable medium containing computer code
ol a feature selector that 1s executable by a computer, the
feature selector comprising:

a counter for determining counts of occurrences of a fea-
ture 1n respective classes;

a scorer using said count of occurrences of the feature in

cach class for calculating a bi-normal separation value
for the feature; and
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a selector for selecting the feature 11 the feature has a score

indicative of appropriateness for a classification task.

377. The computer-usable medium as set forth in claim 36,
the scorer including a mechanism for conditionally adjusting
the score by a predetermined multiplicative constant 11 said
score 1s negative.

38. A computer-implemented method for a classification
system training task, comprising:

determining counts of occurrences of a feature in plural

classes:

scoring using said count of occurrences of the feature in

cach class by calculating a bi-normal separation value
for the feature;

comparing said bi-normal separation value to a predeter-

mined factor:; and

using the feature for the classification system training task.

39. The method of claim 20, wherein the positive class
represents a set of positive examples, and the negative class
represents a set of negative examples.

40. The computer memory of claim 32, wherein computing
the score comprises computing a bi-normal separation score
for each of the features.

41. The computer memory of claim 32, wherein the posi-
tive class represents a set of positive examples, and the nega-
tive class represents a set of negative examples.

¥ ¥ # ¥ ¥



UNITED STATES PATENT AND TRADEMARK OFFICE
CERTIFICATE OF CORRECTION

PATENT NO. : 7,415,445 B2 Page 1 of 1
APPLICATION NO. : 10/253041

DATED : August 19, 2008

INVENTOR(S) . George Henry Forman

It is certified that error appears in the above-identified patent and that said Letters Patent Is
hereby corrected as shown below:

In column 9, line 54, in Claim 18, after “1s” insert -- a --.

In column 9, line 54, in Claim 18, delete “(BNS source)” and insert -- (BNS) score --,
therefor.

In column 10, line 43, in Claim 29, delete “the” and insert -- a --, therefor.
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Twenty-e1ghth Day of April, 2009
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